Introduction
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Rapid urbanization has spread all over the globe in recent decades and has transformed cities 
26
In this setting, GIS need to be able to identify functional interaction patterns in an urban context, 27 assist in understanding socioeconomic environments and eventually provide useful answers to queries 28 such as "what can I do around here" or "where can I find places that provide this function" by relying 29 on knowledge and data on human activity and experience. Put in simpler terms, GIS need to be cannot resolve the inherent ambiguities. and subsumption. Scheider and Purves [17] further propose the creation of semantic descriptions of 151 places by extracting place localization knowledge from narratives, which can then be used to improve 152 place-based search.
153
The aforementioned approaches greatly enhance the process of identifying relevant regions on 154 space by relying on both thematic and spatial information. However, while they are capable of 155 recognising and geolocating place names, they cannot explain why a particular region is relevant 156 even without an associated place name [18] . A first step towards this direction is the definition and 157 formalization of place reference systems [15] . These associate places with the activities and actions 158 that are afforded by the objects contained within them and use cognitive simulations to determine 159 whether an activity is afforded by a place. However, the complexity of these simulations hinders 160 potential implementations of place reference systems. Also, containment of certain objects alone cannot 161 guarantee the affordance of a particular activity: a place containing a path and a highway does not 162 afford walking when these intersect with each other.
163
To address these limitations, a function-based model of place is proposed in [8, 14, 19] , based on 164 the assumption that place is space associated with particular functionality. In this model, places are 165 formalized as patterns which are defined as sets of components, composition rules and functional 166 implications (see Section 3.1 for more details). The original patterns are extracted from narratives, 167 such as dictionary or encyclopedia definitions of a place. Subsequent work [20] 
Advantages and Disadvantages
254
The approach of composition patterns considers place as a system of interrelated components, 255 whose spatial configuration permits or prevents particular functions to hold. Therefore, it extends 256 the "declarative" nature of functional regions, allowing a composite view based on the semantic and 257 spatial configuration of the underlying components. For instance, a park is no longer considered as a 258 predefined spatial footprint with assigned semantics or a set of physical entities; instead, it is a region 259 composed by strict rules that spatially organize its containing physical entities, which in turn enable 260 its functionality and approximate its spatial projection.
261
This differentiating feature has a significant impact in the formalization and integration of United States than in Austria, because of the cultural background and urban structures of each country.
274
Additionally, since the approach is built on logical rules, it requires a minimal amount of data to 275 evaluate functional implications, hence it can perform quite well with scarce data.
276
However, identifying functional regions using composition patterns carries a number of 277 limitations, most notably those of scalability and transferability in terms of the area of study. Scaling 278 to larger areas may significantly increase the preprocessing and actual processing time: for instance, 279 identifying parks within a city is quite efficient, however applying proximity algorithms in the scale of 280 a continent would require several assumptions and performance optimizations to achieve reasonable 281 efficiency.
282
In terms of transferability, the same pattern can be applied to different parts of the world, provided 283 that they share similar characteristics that affect human behaviour and activities. However, there 284 may be a need for adjustments, in order to make the composition rules or functions fit to the area of 285 study the best way possible; this, for instance would be necessary to transfer a pattern from western 286 to eastern world countries. In essence, transferability is made difficult because patterns rely on 287 assumptions in order to fit the real world into well-structured hierarchical composition-based models; Finally, while the approach is not dependent on the availability of high volumes of data, the 291 successful discovery of functional regions requires heterogeneous data sources that need to be 292 unambiguous and finely structured. A pattern that is built on low quality data will inevitably perform 293 inadequately in terms of functional region identification, while the unavailability, for instance, of data 294 in a region related to components participating in core functions within a pattern will lead to excluding 295 this region from results. 
Functional Region Extraction from POI and Human Activity Data
297
The methodology presented in [10] relies on a popularity-based probabilistic topic model that is 298 trained based on VGI data on POIs and location-based social network check-ins. The key idea of LDA 299 topic modeling for textual data is applied but with the following analogy: the type of each POI (e.g. 300 restaurant or park) is considered a word, the region that contains these POIs is considered a document,
301
while each urban function represents the topic, representing thematic and semantic characteristics of 302 places. The goal is to produce a discrete probability distribution over POI types for each function.
303
To address the significant effect of human activity to the distribution of functions in an urban Being a data-driven approach, the extraction of functional regions using topic modeling inherits 334 some common benefits and drawbacks. Scalability and transferability in terms of the area of study 335 are two of the key advantages of the approach. The discovery process of functional regions can be 336 scaled from the boundaries of a city to a country or even a continent, without the need for constraints, 337 assumptions or simplifications while keeping execution at efficient levels in terms of time and space 338 requirements. In terms of transferability, the same LDA topic modeling methodology can be directly 339 applied to any study area with limited or no required adjustments. This stems from the fact that data 340 are used simply as numerical values, without dealing with any case-specific schemas or complex 341 structures.
342
The aforementioned simplicity, however, causes a high dependency of the quality of topic 343 modeling on the availability of significant amounts of data. The absence of POI types and human 344 activity information may lead to an uneven distribution of functions within a wider region. Misleading 345 classification can also arise since, for instance, POI data and social media check-ins on hotels or 346 residences are often scarce compared to those related to restaurants or bars. Hence, while the approach 347 can scale to larger areas and transfer to different ones, its accuracy will inevitably vary according to 348 data availability and quality.
349
Another important limitation of this approach is related to interpretability. This is a common 350 characteristic of data-driven techniques, as they tend to employ advanced formulas and parameters 351 which are not always comprehensible by or explainable to humans. In this particular case, this 
A Framework for Functional Region Identification Fusing Knowledge and Data
359
The analysis in Sections 3.1 and 3.2 shows that both approaches have notable benefits, but they The following assumptions are necessary in order to ensure consistency of the fusion processes. Table A1 in Appendix A) and without performing any clustering.
373
The same goal translates to identifying regions that conform to a pattern containing a number of 374 sub-functions that are linked to human activities associated with a "shopping plaza", such as shopping 375 experience and walkability (a full pattern is provided in Tables A2 and A3 in Appendix A). Hence,
376
comparison is performed on a dominant topic versus relevant pattern basis.
377
The following notations are introduced for the remainder of this section. FRT denotes the set of 378 functional regions extracted using topic modeling, while FRP is the set of functional regions identified 379 using composition patterns. The assigned value that represents the probability calculated using 380 the topic model and the score calculated based on a pattern are denoted as V T ( f r i ) and V P ( f r i ), 
390
To determine cases where there is significant consensus between the two approaches, we calculate 391 an adjusted confidence value that is the product of the individual ones: 
410
Each functional region extracted using LDA topic modeling for a particular topic is compared 411 against the individual sub-functions contained within the composition pattern related to this topic.
412
This is achieved using the following formula:
In essence, this formula adjusts the probability of the topic in question proportionally to the 414 score calculated based on the satisfaction of sub-functions in the pattern. Note that in the exceptional 415 case where this score is equal to zero (because core sub-functions are not satisfied), the probability is 416 adjusted according to the global correlation value across all identified regions. 
Knowledge to Data Fusion
418
The third and final fusion process is the dual of the aforementioned one: the data-driven results
419
as the "actual" values which are compared with (and used in order to adjust) the "experimental" 420 values calculated using the knowledge-based approach. The goal here is to adjust the results of the knowledge-based process by taking into account information derived from human activity information, where reported shopping-related check-ins are relatively low.
425
Each functional region that is identified using a composition pattern is compared against the 426 probability value of the associated topic, calculated using LDA topic modeling. Similarly to the 427 previous process, the weight is calculated using the following formula:
This formula again allows the proportional adjustment of the score calculated using 
Demonstration
432
In this section, we demonstrate the application of the proposed fusion methodologies on the 433 problem of identifying functional regions that provide functionality associated with "shopping plazas".
434
We first show individual results of the LDA topic modeling approach, as reported in [10] , and the 
Study Area and Data
439
The demonstration involves the metropolitan area of Los Angeles, California using the official 
Results using Individual Approaches
448
The topic modeling approach is demonstrated using topic 67 in [10] , which is interpreted as candidate regions is then classified based on the probability of topic 67 being dominant, meaning that 455 the candidate region is more likely to be a "shopping plaza" than any other functional region type. 
Results using Mutual Evaluation
473
The Pearson correlation coefficient value for the particular set of results is equal to 0.387. This
474
indicates a positive association between the distributions of the confidence values of each approach.
475
To facilitate comparison between the regions identified by each approach, Figure 4 overlays the results
476
of both approaches over a grid (500x500 m 2 ). Darker hues indicate higher probability of the region 477 being a "shopping plaza", with red and gray colours denoting results using the data-driven and 478 knowledge-based approach, respectively. Finally, we identify cases of significant disahgreement by calculating the differences between the 485 confidence values produced using each approach; these are shown in Figure 6 . The dark grey regions 486 are cases where the knowledge-based approach attributes very low (or zero) likelihood for the region 487 to operate as a "shopping plaza", whereas the data-driven approach gives high probability (up to 488 100). Confidence values of each approach are attached to these regions. On the other hand, the red 489 regions are cases where the confidence value of the knowledge-based approach is very high (88.9 to 490 100), but the probability using the data-driven approach is very low (0 to 0.21). In these cases, a pie 
500
The opposite direction is followed for the final fusion method. Confidence values calculated using 501 the pattern-based approach are adjusted using the formula in Section 3.3.3 in order to take into account As a final result of the latter two fusing processes, we provide in Figure 9 an overall identification 505 of regions functioning as "shopping plazas" by taking the average of the two adjustments and keeping 506 only those regions with a probability higher than 50%, accompanied with an aggregation of the 507 functions that can be found there. For comparison purposes, we also show the same result before 508 applying any fusion-related adjustment in Figure 10 ; this includes those results from both approaches 509 that overlap and score higher than 50%. The number of identified regions is clearly increased, while 510 adjustments have been made to each region, with regard to their extent, attached probabilities, the 511 location of core functionality and the distribution of sub-functions. 
Discussion
513
The results in Figure 4 illustrate the different foundations of each approach, in terms of delineation 
535
On the other hand, Figure 6 serves as a way to detect regions that were missed by either approach and overlaying best results from either approach, the end result in Figure 9 identifies functional regions 559 of the type "shopping plaza" that:
560
• are highly functional, also explaining which particular functions mostly contribute to this, as 561 derived from the knowledge-based aspect;
562
• are popular, based on the inclusion of social media information exploited by the data-driven 563 aspect;
564
• are homogeneous both in terms of the POIs included and the way they are spatially organized.
565
The presented results indicate that trusting exclusively either of the two approaches may lead to 566 some results being missed or some other being overly highlighted. By using the fusion methodologies,
567
the results of one approach serve as a "bias" to challenge the "authority" of the other approach. Transportation node C A ∩ Prop_Filter("service , "transportation ) C An
Anchor Store C S ∩ Prop_Filter("goods , "various ) C M Mall C S ∩ Prop_Filter("goods , "various ) ∩ Prop_Filter("service , "various )
Basic Shop C S ∩ Prop_Filter("goods , "basic ) C Se Special Shop C S ∩ Prop_Filter("goods , "special ) C Su Uncommon Shop C F ∩ (Prop_Filter("goods , "uncommon ) ∪ Prop_Filter("services , "uncommon )) C As Food court C A ∩ Prop_Filter("service , "sustenance ) C Ae Entertainment C A ∩ Prop_Filter("service , "entertainment ) C Al Luxury services C A ∩ Prop_Filter("service", "health&beauty ) C Av Aesthetics C A ∩ Prop_Filter("service , "visuallypleasing ) Table A3 . Composition pattern of a shopping plaza CMP :{C F , C S , C A , C H , C Sr , C W , C WP , C B , C P , C An , C M , C At , C Sb , C Se , C Su , C As , C Ae , C Al , C Av } Functional Implications Functions (F ) Logical Formula F W (C Sb , C At , C W , C Sr ) (Walkability) F SE ∧ Occurrence(C Su , N) → Correlation(C Sb ∪ C At , C Su , [5, ∞)) ∨ Proximity(C W , C Su , [500, ∞m))) F SO (C S , C A ) (Shopping Opportunities) 
